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ABSTRACT
Theconstantframelengthin typical ASR front endsis too long to
capturetransientphenomenain speech,suchasstopbursts. How-
ever, current HMM systemshave consistentlyoutperformedsys-
temsbasedsolely on non-uniformunits. This work investigates
an approachto “add back” suchtransientinformation to a speech
recognizer, without losing the robustnessof the standardacoustic
models. We demonstratea set of phonetically-motivatedacoustic
featuresthat discriminatea preliminarytest setof highly ambigu-
ousvoicelessstopsin CV contexts. The featuresareautomatically
computedfrom datathathadbeenhand-markedfor consonantburst
locationandvoicing onset(extensionto automaticmarkingis also
proposed).Two corporaareprocessedusing a parallel setof fea-
tures:conversationalspeechover thetelephone(Switchboard),and
a corpusof carefully elicited speech.The latter providesan upper
boundon discrimination,andallows for comparisonof featureus-
ageacrossspeakingstyle.Weexploredata-drivenapproachesto ob-
taining variable-lengthtime-localizedfeaturescompatiblewith an
HMM statisticalframework. We alsosuggesttechniquesfor exten-
sion to automaticannotationof burst location, for computationof
featuresat suchpoints,and for augmentationof an HMM system
with theaddedinformation.

1. Introduction
Modeling of speechwith hiddenMarkov models(HMMs)
impliesa constantrateof informationaccumulation.Frames
of a fixedlengtharescoreduniformly to computethe likeli-
hoodthat a givenutteranceis producedby the model. The
commonfixedframelengthof � 25 msis thetime-frequency
trade-off in the speechrepresentation.It is well known that
sucha frame length is too long for capturinginformation-
bearingtransientphenomenawhich may have durationsas
shortasacoupleof milliseconds.At thesametime,stationary
segments,suchasvowels,have constantspectralcharacteris-
tics for muchlongerregions,on theorderof 100ms. These
observationsmotivateexploring techniquesthat canprovide
variabletemporalresolutiondependingon the typeof event.
This work exploresdata-drivenapproachesto suchfront end
adaptationfor usewithin thestandardHMM framework.

Approachesbasedon non-uniformframelengthshave been
explored in numerousprevious studies. For example,
beginning in the 1970s, knowledge-basedapproachesto
speechrecognitiondevelopedclassificationsystemsbasedon
acoustic-phoneticrules[12, 13, 4]. An advantageof suchap-

proacheswasthat theacousticcharacteristicsfor phonedis-
criminationwerenot limited in resolution.However, perfor-
mancedid not reachthatof HMM-basedsystemsusingless
sophisticatedinformationanda fixedframelength.

More recently, segment-basedsystems[5, 8, 1] addressthe
problemof a constantframe length by representingphone
segmentsusing a single featurevector—regardlessof seg-
ment duration. This approachallows for the use of het-
erogeneous,phone-class-specificfeaturesthat focuson pho-
netically relevant information for discriminatingamongthe
confusablesoundswithin a phoneclass[7, 10]. In spite
of theseadvantages,however, segment-basedsystemsalone
havenotbeenabletooutperformstate-of-the-artHMM-based
systems.

Thiswork aimsatcombiningtheadvantagesof bothsegmen-
tal andHMM systems,by usingtheHMM systemto produce
N-besthypotheseswith phoneticsegmentations.Basedonthe
HMM segmentations,we computeadditionalphone-specific
segment-basedfeaturesto improvethediscriminationof con-
fusablephoneclasses.Probabilitymodelsfor theadditional
featuresaretrainedfrom segmentationsof trainingdata.For
recognition,probabilityscoresfor eachrecognitionhypothe-
sis in theN-bestlist arecombinedwith standardHMM like-
lihoodscores.

We demonstratea set of linguistically motivated features,
basedon non-uniformfront-endextraction units, that suc-
cessfullydiscriminatea preliminarytestsetof voicelesscon-
sonantsin consonant-vowel (CV) contexts. The featuresare
automaticallycomputedfrom an extraction region carefully
hand-markedby alinguist for burstlocation.Theannotations
andfeatureextractionareappliedto two paralleldatabases:
(1) spontaneous-conversationalspeechfrom theSwitchboard
corpus[6] and(2) a corpusof carefully-elicitedspeech[9].
Inclusionof thelattercorpusprovidesanupperboundondis-
crimination,andallows us to examinedifferencesin speech
styleandchannelquality while featuredefinitionandextrac-
tion is heldconstantin theparallelcorpora.Weproposetech-
niquesfor automaticlocationof suchpointsin thewaveform,
computationof featuresat suchpoints,andaugmentationof
anHMM systemwith suchinformation.

The paper is organizedas follows: In Section2, we de-
scribethephoneclassificationtaskandthedatabase.Features



areintroducedin Section3, andthe resultingstatisticsfrom
theproposedfeatureson theelicitedandspontaneousspeech
databasesaredetailedin Section4. Section5 describesthe
decisiontreeclassificationof thestopsin vocaliccontextsvia
thesetof proposedfeatures.Finally, theapproachesaredis-
cussedfrom theperspective of automaticspeechrecognition
in Section6.

2. Task and Database
As a first, tractabletask in this work, we chosethe classi-
fication of voicelessunaspiratedstops(/p/, /t/, and/k/) in a
CV context. We alsoincluded/ch/ for comparisonpurposes.
Acousticinformationrelevantto theidentificationof stopsre-
sidesin formanttransitions,durationof closureandreleaseof
thestopburst,andalsoin moretransientphenomenasuchas
theshapeof thespectrumat theburstandthepresenceor ab-
senceof multiple bursts[11]. In certainvocaliccontexts, for
example,precedingthehigh front vowel, /i/, long termcues
maybeneutralized,resultingin adependenceonthetransient
phenomenafor theidentificationof stops,anda correspond-
ing increasein confusionratesfor bothhumansandmachines
[9]. Thesetof voicelessstopsin CV tokenspresentsa chal-
lengeto automaticprocessingapproachesthat averagetran-
sientinformationof stopsover many frames,andthusproves
to bea goodstartingpoint for localizedfeaturemodeling.

3. Acoustic Features of a CV Token
For thepurposesof thiscross-corpusstudy, weconsideredthe
following subsetof acousticfeaturesknown to be important
cuesin the identificationof stopplace[11]: (1) voice onset
time (VOT), (2) multiplicity of bursts,and(3) grossshapeof
burst spectrum.VOT is thedurationof time thevocal cords
take to begin periodic vibration after the releaseof a con-
sonant.Thepredictedorderof VOT averages,derived from
their articulationandmanner, for voicelessstopsandtheaf-
fricate/ch/ are:/p/, /t/, /k/, /ch/. Figures1 and2 show a sam-
ple tokenof /ka/ and/pa/,with labeledbursts,voicing onset,
andVOT, extractedfrom the hand-labeledannotations.The
sample/ka/ tokencontainsthe doubleburst characteristicof
a velarvoicelessstop[11].

Figure3 shows the distribution of VOT andmultiplicity of
burstsfor elicited andspontaneousspeech.The bar graphs
representvaluesaveragedover all speakersand all vocalic
contexts. VOT, aspredicted,is astrongfunctionof stopiden-
tity for bothelicitedandspontaneousspeech.Multiplicit y of
bursts,however, servesasa usefuldiscriminantonly for the
eliciteddatabase,asthe articulationof stopsin spontaneous
speechmayhave a fasterreleaseoverall,andthusvelarstops
maybelessproneto thephenomenaof multiplebursts.

Theconstrictionof thearticulationof a voicelessstopandits
releasegeneratedistinctivespectralcharacteristicsattheburst
thataresomewhatinvariantacrossdifferentvocaliccontexts.
Stopburstspectrafor labials(/p/), alveolars,(/t/), andvelars
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Figure1: Voicingonsettime for /ka/.

(/k/) havebeendescribedas“dif fuse-falling”(majorityof en-
ergy in the low frequency region), “dif fuse-rising”(majority
of energy in thehighfrequency region),and“compact”(peak
of energy in themid frequency region) [2].

Figures4,5 and6 show examplesof thespectrumattheburst,
as well as linear and piecewise linear fits to the spectrum,
for /pa/, /ta/, and/ka/, respectively. Derivedfeaturesinclude
the slopesof the linear and piecewise linear fits, the mean
squarederror of the fits, and the location in the frequency
rangeof thenodefor thepiecewiselinearfit. Thelastfeature
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Figure2: Voicingonsettime for /pa/.
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Figure3: Comparisonof averageVOT andaveragenumberof burstsfor elicitedandspontaneousspeech.Valuesareaveraged
over speakersandover vocaliccontext.

Elicitedspeechdatabase,accuracy = 84.11%(905/1076)
P T K CH TOTAL CORR

P 243 16 9 1 269 243
T 37 180 49 3 269 180
K 12 37 213 7 269 213

CH 0 0 0 269 269 269

Table1: Decisiontreeclassificationof stopsin vocaliccon-
texts for elicitedspeech.

is particularlyhelpful for distinguishing/t/ from /k/ bursts.

4. Decision Trees

In this sectionwe describethe analysisandvisualizationof
theproposedsetof featuresvia decisiontrees.For theclas-
sification problemover the set (/p/, /t/, /k/, /ch/), we train
CART-style decisiontrees,as in Figure 7. In Table 1, we
show theclassificationperformanceof thedecisiontreeon a
testset for elicitedspeech.The correspondingperformance
summaryon spontaneousspeechis given in Table 2. The
classificationaccuraciesarearound84%.

Spontaneousspeech,accuracy = 83.57%(234/280)
P T K CH TOTAL CORR

P 61 6 3 0 70 61
T 12 51 6 1 70 51
K 8 2 52 8 70 52

CH 0 0 0 70 70 70

Table2: Decisiontreeclassificationof stopsin vocaliccon-
texts for spontaneousspeech.

We also rank andcomparethe usageof the featuresshown
hereaswell asformanttransitioninformationacrosselicited
and spontaneousdatabases.Table 3 shows the frequency
of usageof featuresin tree classification. VOT is the
most prominent featureon both elicited and spontaneous
databases.Thetreein Figure7 shows thatVOT is especially
helpfulin classifying/ch/and/p/. Burstmultiplicity,asprevi-
ouslymentioned,is onlyusefulin theeliciteddatabase,where
it is usedto classifyvelarsfrom otherstops. The treealso
containsinformationon formant transitionsinto the follow-
ing vowel,whichis foundto beusefulin bothdatabases;here
it picksout labials(whichhavecharacteristicallylow formant
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Figure4: Spectrum,linear, andpiecewise linearfits for /pa/.
The“dif fuse-falling”shapeof thespectrumis capturedby the
negativeslopeof thelinearfits. Notethatthenodeliesbelow
2000Hz.

onsetsat thereleaseof theburst)from otherstops.Thenode
frequency of thepiecewiselinearfit is alsoaconsistentlyused
featurein boththeelicitedandspontaneousdatabases;hereit
functionsto distinguishvelarsfrom alveolars.

5. ASR Perspective
We have shown that hand-labeledacousticevents,someof
which are temporally localized,provide featureswith rich
informationcontentfor the classificationof easilyconfused
phones.Here,wediscusstheissuesin extendingsuchanap-
proachto ASRsystems.Thefocusis onautomaticlocationof
information-bearingpointsin thewaveformandstatisticalex-
tractionof localizedfeatures.Anotherfundamentalquestion
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Figure5: Spectrum,linear, andpiecewise linearfits for /ta/.
The“dif fuse-rising”shapeof thespectrumis capturedby the
positiveslopeof thelinearfits. Notethat thenodelies above
4000Hz.
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Figure6: Spectrum,linear, andpiecewise linearfits for /ka/.
The prominentpeakof the spectrumis capturedby a high
meansquarederrorof thelinearfit andby themid-frequency
location(2000–4000Hz) of thefittednode.

is the determinationof the bestway to augmentor modify
currentHMM systemsto usesuchinformation. As an im-
portantexampleof thesignalprocessingissuesinvolved,we
demonstrateautomaticlocalizationof thevoicingonset.

Wehavemadeuseof thebestbasisalgorithm[3] in segment-
ing transientandstationaryspeechsegmentsby anadaptive
framelengthfront end. In this framework, automaticvoic-
ing onsetlocation is carriedout by temporalsegmentation
into varying-lengthframesdependingon the stationarityof
theunderlyingsignalsegment8. This typeof front-endpro-
cessingmayalsobesuitablefor burstlocalization.

Finally, we discusspossiblewaysof augmentingan HMM
systemwith localizedfeatures.Onestraightforwardway of
augmentationis via N-bestlist rescoringfrom alignmentsas
shown in Figure 9. The CV context is bracketedby align-
ments;subsequently, the featuresobtainedfrom the CV are
scoredandusedasanadditionalknowledgesourcein rescor-
ing of theN-bestlist.

Elicitedspeech Spontaneousspeech
feature usage
VOT 0.57���

0.19
numberof bursts 0.13
burstnodefreq 0.10� �

slope 0.01

feature usage
VOT 0.54���
slope 0.29���

0.12
burstnodefreq 0.05

numberof bursts 0.00

Table3: Decisiontreeusageof features.



P 
  0.25 0.25 0.25 0.25

P 
 0.3321 0.3296 0.009913 0.3284

VOT < 0.05092

CH 
 0.003717 0.01115 0.9703 0.01487

>= 0.05092

P 
 0.8553 0.1234 1.064e-10 0.02128

VOT < 0.012013

K 
 0.1171 0.4143 0.01399 0.4545

>= 0.012013

T 
 0.1754 0.5175 0.02339 0.2836

BURSTS < 1.5

K 
 0.03043 0.2609 1.087e-10 0.7087

>= 1.5

P 
 0.7826 0.1304 5.435e-10 0.08696

F2_00MS < 1433.2

T 
 0.08108 0.5777 0.02703 0.3142

>= 1433.2

K 
 0.1143 0.2857 3.571e-10 0.6

NODE_FREQ_FIT1 < 2075

T 
 0.0708 0.6681 0.0354 0.2257

>= 2075

T 
 0.06849 0.5068 3.425e-10 0.4247

VOT < 0.019566

K 
 0.01274 0.1465 1.592e-10 0.8408

>= 0.019566

K 
 0.1087 0.3043 5.435e-10 0.587

NODE_FREQ_FIT1 < 3125

T 
 9.259e-10 0.8519 9.259e-10 0.1481

>= 3125

Figure7: Decisiontreefor classificationof stopsin vocaliccontexts.
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algorithm.

6. Summary and Future Work

This work hasexploreddata-drivenapproachesto temporal
front endadaptation.We have carriedout statisticalextrac-
tion andcharacterizationof usefultime-localizedfeaturesob-
tainedfrom datahand-labeledfor relevantevents.Suchwork
constitutesa first steptowarddemonstratingthe discrimina-
tion power of localizedfeatureson a classificationtask,for
bothcarefulandspontaneousspeech.Wehavealsodiscussed
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Figure9: HMM systemaugmentationwith localizedfeature
modeling.

signalprocessingtechniquesto automatetheaccuratelocal-
izationof information-bearingevents,andpossiblemethods
of augmentationor modificationof currentHMM systemsto
uselocalizedfeaturesassideinformation.
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